due to poor drainage and flat terrain, a prolonged wet cycle since the early 1990s in the red river Valley (rrV) of the north has caused frequent flooding in most farmland, delaying or even preventing spring planting. to combat high soil water content, farmers have adopted tile drainage practices. to schedule crop planting or to evaluate the efficiency of tile drainage and its potential impacts on water balance and quality in the watershed, soil water content and its changes need to be monitored. compared to in situ measurements, the use of remote sensing for soil water content monitoring is affordable and can be applied over a large area repetitively. in this study multispectral reflectance of the soil sample from rrV at the bands of landsat 5 tM sensor were evaluated for various soil water contents in the laboratory experiments. Empirically, the soil water contents at 5 and 15 cm were found to be best predicted using an exponential model based on the difference of bands 1 and 5. while the 5 cm model better represents remotely sensed soil water content, 15 cm model better represents root zone condition and therefore is more relevant for supporting field management decision. Because it was challenging to measure water content accurately at 5-cm depth in the fields, only 15 cm model was validated. Validation using a total of 70 observations over nine different fields in the rrV showed that the model compared well with the field measurements (r = 0.94) with an average difference less than the model uncertainty of 0.02 cm 3 /cm 3 . the 15 cm model has an application range for soil water content between 0.20 and 0.40 cm 3 /cm 3 .
abbreviations: ASD, Analytical Spectral Devices; NIR, near infrared; RRV, Red River Valley; SWIR, shortwave infrared; VNIR, visible and near infrared.
tial impacts on water balance and quality in the watershed, soil water content and its changes need to be monitored.
Conventional techniques for estimating soil water content such as gravimetric, neutron scattering, and time domain reflectrometry require regular on-site operations and are inefficient for practical use over farmland (Liu et al., 2003; Moran et al., 2000) . These measurements are "point based", usually resulting in poor spatial representation of soil water content that can vary significantly over a short distance. To adequately represent temporal and spatial distributions of soil water content, a large number of instruments are often required, incurring prohibitive costs (Lindsey et al., 1992) . Furthermore, the time required between collections, processing, and delivery of the soil water content data using conventional techniques can make the data outdated before using them (Lindsey et al., 1992) .
With more frequent temporal and greater areal coverage (Bryant et al., 2003) , the use of different remote sensing technologies has achieved a varying degree of success in mapping soil properties (Anderson and Croft, 2009; Barnes and Baker, 2000; Engman and Chauhan, 1995) . Currently, remote sensing of soil water content mainly relies on two approaches, microwave and optical. It is also possible to infer soil water content from thermal infrared measurements, because comparatively low surface temperature is often associated with high soil water content. However, the studies have shown that the thermal data can reliably estimate soil water content only when combined with additional measurements from other sources such as microwave (Carlson et al., 1995) or optics (Carlson et al., 1994) .
Soil (or any matter) interacts with electromagnetic waves through two processes: scattering (changing the directions of photons) and absorption (absorbing photons). Because of the large contrast of the dielectric constant between water (~80) and soil particles (<4) at the microwave frequencies (Mattikalli et al., 1998; Wang and Qu, 2009) , scattering of microwave signal by water, if present in the soil, is much stronger than that by soil particles. This is the fundamental principle of the microwave approach for estimating soil water content and its applications have been extensively reviewed (Bryant et al., 2003; Davidson et al., 2000; Engman and Chauhan, 1995; Haider et al., 2004; Jackson et al., 1996; Moran et al., 2004; Schmugge, 1978) . Also microwave can penetrate clouds and hence operate under all weather conditions. The microwave approach typically involves measurements of either radiometric brightness temperature (passive) or radar backscattering (active), but neither of these two techniques has been adopted in regular agricultural practices. Passive microwave sensors, such as Advanced Microwave Scanning Radiometer for the Earth Observing System (AMSR-E) and Soil Moisture and Ocean Salinity (SMOS), are hindered by their coarse spatial resolution, ranging from 5 km for AMSR-E (Njoku et al., 2003) to 50 km for SMOS (Kerr et al., 2001) , much greater than a typical agricultural field. While active microwave sensors, such as the Synthetic Aperture Radar (SAR), can deliver a fine spatial resolution in the 10 to 100 m range ( Jackson et al., 1996; Moran et al., 2004) , they often have poor temporal resolution and are cost prohibitive for regular agricultural applications. For example, the Phased Array L-band Synthetic Aperture Radar (PALSAR) onboard the Advanced Land Observing Satellite has a repeated cycle of 46 d, while a growing season for a typical crop in this region is only 100 to 120 d. A more frequent visit is needed to monitor the soil water content that tends to change quickly.
In contrast, the optical approach mainly relies on absorption, because the refractive indices of soil particles and water are very similar (Liang, 1997) , making the separation of their scattering difficult. Due to absorption by water molecules, the spectral reflectance of soil generally decreases with increasing soil water content, with more significant changes occurring in the near infrared (NIR) and shortwave infrared (SWIR), where water absorption is much stronger than in the visible wavelengths. This is the theoretical basis for retrieving soil water content from optical measurements (e.g., Bowers and Hanks, 1965) . For example, Chang et al. (2001) and Liu et al. (2003) found that soil water content less than 0.25 cm 3 /cm 3 could be reasonably predicted (R 2 = 0.84) with the reflectance in the near infrared wavelengths. Haubrock et al. (2008b) and Ben-Dor et al. (2009) found that the normalized soil water content index formed with the reflectance at two SWIR wavelengths (~1800 and ~2100 nm) correlates well with surface soil water content in an area with sandy substrate and low vegetation cover.
The Landsat series of satellites has provided the longest continuous record of satellite-based observations (Chander et al., 2009) . For more than 30 yr, the Landsat 5 TM sensor provided images with a spatial resolution of 30 m in the six reflective bands in visible and near-infrared (VNIR) and SWIR wavelengths and of 120 m in the thermal band (Chander et al., 2009) , covering the entire globe every 16 d. Despite its great potential for fieldbased agricultural applications, Landsat 5 TM data have been evaluated in only a few studies for soil water content estimation. Hatanaka et al. (1995) found good correlation of Band 5 reflectance between two TM scenes for available water holding capacity in northern Japan. Musick and Pelletier (1986) found that the reflectance ratio of TM Band 5 to Band 7 varies with soil water content but also is affected by solar illumination angle and soil roughness. In a study conducted in southwestern Florida, Shih and Jordan (1993) reported that the TM thermal data (Band 6), when calibrated to account for the local effects due to various soil types and seasonal sunlight conditions, is useful in soil water content estimation. Bastiaanssen et al. (1997) estimated soil water content at a depth of 10 cm near Barrax, central Spain using the Jarvis-Stewart model ( Jarvis, 1976; Stewart, 1988) for soil moisture and canopy resistance, the latter of which was derived from the TM images through SEBAL (Bastiaanssen et al., 1998) . The major limitation in applying optical approaches, including Landsat observation, is that the relationship between optical reflectance and soil water content is complicated by other factors such as soil roughness and organic matter content (Anderson and Croft, 2009 ). For example, Bowers and Hanks (1965) observed that the absorption by organic matter would lower the reflectance and the smaller the size of soil particles, the stronger the reflectance would be. Therefore, optical methods often focus on localized empirical analysis (Liu et al., 2002) to eliminate or minimize these potential interferences.
Signal received by a remote sensor only responds to soil water content near surface, ranging from a few centimeters for microwave to a few millimeters for visible light, depending on the penetration depth of signal (e.g., Anderson and Croft, 2009; Jackson et al., 1996; Liu et al. 2002) . On the other hand, water management and other practical applications normally require knowledge of soil water content in the root zone (e.g., Chanasyk and Naeth, 1996) . To accommodate this practical need, modeling or empirical analysis is often used to extend surface estimates to depths (e.g., Vereecken et al., 2008) . For example, Walker et al. (2001) used a simplified soil moisture model based on the Buckingham-Darcy equation to derive soil moisture profile down to 1 m from the near-surface measurements. Kaleita et al. (2005) found the soil surface reflectance in VNIR can be empirically related to the water content of soil core of 7.6-cm deep.
The purpose of this study was to develop an empirical remote sensing algorithm to estimate soil water content at 5-and 15-cm depths, respectively, in the RRV using Landsat 5 TM data. The former is used to represent near surface condition and the latter for the top root zone. Since it was difficult to obtain reliable measurements of soil water content at 5 cm in the field, only 15 cm algorithm was validated. The results were intended to provide producers and water resource managers in the region a means to better understand the variability of soil moisture at a farm field scale and to improve their decision making.
MatErials and MEtHod
The general area of study was in the RRV of the North Basin in eastern North Dakota and western Minnesota. The algorithm was developed in the laboratory using soil samples collected in Fairmount, Richland County, North Dakota, and the results were validated in the selected fields in three different counties (Ramsey, Traill, and Richland) of North Dakota (Fig. 1 ).
soil samples
Near surface soil (0-15 cm) was collected in a farm field at Fairmount, Richland County, North Dakota (Rijal et al., 2012) . The soil was classified as silty loam, with silty lacustrine deposits over loamy till, and having 18% sand, 56% silt, and 26% clay contents. The average bulk density of the soil sample was 1.31 g/cm 3 and the saturated hydraulic conductivity was 0.82 cm/h based on the falling head method (Reynolds and Elrick, 2002) . The soil was air dried for about a week at room temperature and stored in a wood box (47 cm × 47 cm × 20 cm) after passing through a 6-mm sieve to remove relatively large rocks or roots. Ideally, the soil sample should not be altered. However, since the footprint of the sensor (2 by 2 cm 2 ) is <1/500,000 of one Landsat 5 TM pixel size, the presence of these relatively large objects in the field-of-view of the sensor might dramatically affect the laboratory result, but with virtually no impact on the satellite measurements. While soil reflectance does vary with soil particle size distribution, the most significant changes occur at sizes <0.4 mm (Fig. 11 in Bowers and Hanks, 1965) . Also, Chang et al. (2001) found that the sieving using a mesh size of 8 and 2 mm has little impact on the measured spectral reflectance. Therefore, we do not expect the sifting would affect the results. Using the soil core method, the bulk density of repacked soil had an average value among eight cores of 1.28 g/cm 3 (± 0.08 g/cm 3 ), very close to the bulk density measured in the field (1.31 g/cm 3 ).
Soil water content was measured using two 5TM soil moisture sensor (Decagon Devices, Inc., Pullman, WA), with one buried at 5-cm depth and the other at 15 cm. The 5TM sensors, newly purchased and calibrated by the manufacturer, determines volumetric water content by measuring the dielectric constant of the soil using capacitance/frequency domain technology (Decagon Devices, 2013) . We evaluated the sensor in the lab using the collected soil samples by gravimetric method and bulk density and found the accuracy of the sensor to be ± 0.01-0.02 cm 3 /cm 3 , consistent with the sensor specifications provided by the manufacturer (Campbell et al., 2009) .
To wet the soil, water was slowly poured along the top edge of the soil box. Fully saturation took about 2 h, when water was observed coming out from a hole at the bottom of the box. This saturation process was repeated 24 h later. After free water on the surface evaporated and visually disappeared, the average of three readings of soil water content at each depth of 5 and 15 cm were recorded every hour via a ProCheck PC-1 data logger (Decagon Devices, Inc., Pullman, WA).
laboratory Experiment
Two halogen lamps illuminated the soil box at approximately 45° angle from above (Fig. 2) . A hyperspectral radiometer (Analytical Spectral Devices [ASD] Inc., Boulder, CO) was programmed to continuously measure the spectral reflectance of the soil between 350 and 2500 nm at 1 nm interval. The sensor, with an 8° field-of-view, was mounted on a tripod 15 cm above the soil surface and had a footprint of about 2 by 2 cm 2 . The windows of the room were blocked to minimize the interference of ambient light. All parts were carefully configured to avoid casting shadows into the field view of the ASD sensor. To minimize the effect due to variations in output from the halogen lights, the gain and offset settings for the ASD were fixed during the measurements.
The spectral reflectance and the corresponding soil water content were measured hourly. The experiment was repeated with three different treatments: two 500 W halogen lamps used for the first treatment, two 300 W halogen lamps for the second treatment, and the third one was conducted outdoors on a clear sunny day to evaluate the effect, if any, due to different light sources (artificial vs. natural). The wetting process (described above) was repeated after each individual treatment.
The Landsat 5 TM sensor measured the optical reflectance at six bands (Bands 1-5 and 7; Band 6, the thermal band was not evaluated in this study), each with specific spectral response function. The spectral reflectance that the Landsat 5 TM sensor would measure in this laboratory setting was simulated from the hyperspectral values by the ASD as following (e.g., Trishchenko et al. 2002) : [1] where R i is the simulated reflectance for the Landsat 5 TM Band i; j is the wavelength varying between A i and B i for the ith band; r j is ASD-measured reflectance at the wavelength j; and W i,j represents the Landsat 5 TM spectral response at wavelength j for Band i. Note that Eq. [1] can be generally applied to any sensor with the sensor-specific spectral response function (W).
Field Measurements
For validation, soil water content was measured during the 2010 growing season from May through September in nine different agricultural fields (including the sampling field) in three counties of the RRV (Fig. 1) . The soil in the Fairmount field where samples were collected is silty clay , and the soil in other fields are loam (one field), silt loam (three fields), and silty clay loam (four fields) (Web Soil Survey, 2013) . All the soil came from similar parent materials (i.e., glaciolacustrine deposits, clayey glaciolacustrine deposits, or calcareous loamy till) with low infiltration rates. All fields were bare or unvegetated and some fields were visited multiple times during the experiment. At each visit and within each field, measurement locations were randomly selected; but the areas with standing water or with significant change of soil moisture (visually) were avoided. At each location, soil water content was measured three to four times, each at slightly different points within the reach of ~30 m, the pixel size of the Landsat 5 TM sensor. The average of these readings represented the final measurement at this particular location. The same 5TM sensor was used following the same procedure as in the laboratory experiments, that is, the sensor was buried at about 15 cm and read via ProCheck PC-1 data logger. The measurements were taken approximately within ±30 min of the passing-by of the Landsat 5 over the field.
While soil water content was measured at two depths of 5 and 15 cm in the laboratory experiments, for field validation, the measurements were taken only at approximately 15-cm depth for three reasons. The sizes of soil aggregates can often be >5 cm depending on the roughness of the soil, making it almost impossible to define a depth of 5 cm in the field. Also, it is well known that water content measurement near the soil surface is problematic (Elmaloglou and Malamos, 2000; Ragab, 1995; Stafford, 1988) . Lastly, soil water content at 15-cm depth represents the rootzone condition better and is therefore more suitable for water management applications, which was the main impetus for this study.
The farm field where the soil sample was collected had a subsurface (tile) drainage installed in the southern half of the field in 2002. As a part of another research project, soil water content in the field was monitored continuously during growing seasons from 2008 to 2010 (Rijal et al., 2012) . Specifically, the CS616 sensors (Campbell Scientific Inc., Logan, UT) were installed at depths of 5 and 15 cm at two locations (1 and 3 in Fig.  3d ), and the Hydra Probe sensors (Stevens Water Monitoring System, Inc.) at depths of 15, 30, 45, 60, 75, 90 , and 105 cm at three locations (2, 4, and 5 in Fig. 3d ). Unfortunately, cloud cover, interruption caused by farming operations and bare soil requirement limited us to only one Landsat scene coincided with field measurements.
Altogether, we collected 70 measurements of soil water content coincident with five Landsat 5 TM images on 8 May, 5 and 28 August, and 3 and 13 Sept. 2010. These images were downloaded from U.S. Geological Survey and were atmospherically corrected and calibrated using the ATCOR2 function (Richter, 1990) of ERDAS Imagine 9.3 (Leica Geosystems, Atlanta, GA). The spectral reflectance values of the pixels closest to the GPS readings of the field locations were extracted using ArcGIS 9.3 (ESRI, Redlands, CA).
rEsults Figure 4 compares the soil water content measured at 5 and 15 cm during the laboratory experiments. Since the measurements were taken during the drying period, the soil water content at 5 cm is consistently less (drier) than 15 cm. However, the difference is most pronounced at lower water content level and negligible when the water content is above 0.40 cm 3 /cm 3 . Figure  4 is not meant to establish a general relationship between the soil water content at the two depths. However, it does indicate that the water contents at the two depths are highly correlated (e.g., Mahmood et al., 2012) . It also provides experimental evidence supporting our approach of relating spectral reflectance, which only responds to soil moisture at near surface depth, to water content measured at 15 cm (Camillo and Schmugge, 1983) . Figure 5 shows the measured spectral reflectance, converted to Landsat 5 TM bands using Eq. [1] , as a function of soil water content measured at 15 cm. For each treatment, the reflectance was significantly different at different water content levels (P = 0.0012). The overall values of reflectance in all three treatments increased inversely with the soil water content (Fig. 5a, 5b , and 5c), consistent with the observations reported in Liu et al. (2002) and Lobell and Asner (2002) . Average values of the spectral absorption coefficient of water (Segelstein, 1981) were calculated for Landsat 5 TM bands (Fig. 5c ). Strong water absorption at Bands 5 (1550-1750 nm) and 7 (2080-2350 nm) mainly due to the broadening effect of two water absorption lines located around 1450 and 1950 nm (Profeti and Macintosh, 1997) is approximately three to four orders of magnitude higher than the absorption at the other bands. This explains the relatively wider dispersion observed in reflectance for the Bands 5 and 7 (Fig. 4) and suggests that the reflectance measured at these two SWIR bands is very sensitive to the amount of water content present in the soil. This also verifies why solar reflectance at SWIR wavelengths correlates well with the soil water content (e.g., Bowers and Hanks, 1965) . Fig. 2 . laboratory setup for measuring the spectral reflectance of soil at various water contents during drying process. two halogen lamps illuminated the soil box at 45° from two sides and the analytical spectral device (asd) sensor was mounted on a tripod at 15 cm above the soil. two 5tM soil moisture sensors were buried in the soil at 5-and 15-cm depths. Every 1 h, the reflectance was recorded and the soil water contents at two depths were read via a procheck pc-1 data logger (not shown).
We noticed that the reflectance remained almost constant once the soil water content dropped below 0.20 cm 3 /cm 3 and the reflectance started to increase (instead of decrease) when the soil water content was higher than 0.40 cm 3 /cm 3 (both results not shown). The former behavior could be due to the reduced sensitivity of reflectance at lower soil water content. The latter behavior was also reported in Liu et al. (2002) as "switching" of absorption mechanism to scattering mechanism. At higher concentration, the absorption by water molecules becomes saturated. Further increase in soil water content would not increase the absorption very much, but result in increased scattering by water droplets and hence reflection. These boundary values also defined the application range of the algorithm to be developed.
Student's t test (e.g., Devore and Berk, 2012) with Fig. 5 indicated that the variations of the measured spectral reflectance with the soil water content were very similar among the three laboratory treatments (P < 0.05 for all the bands), suggesting that the use of different light sources had a negligible effect on the reflectance. This is expected because theoretically, the soil reflectance is a semi-intrinsic property of soil and should be largely independent of the light source or illumination geometry. This also further confirmed the guiding principle that laboratory results under artificial illuminating conditions can be applied in the field.
For algorithm development, we merged all the 38 observations from the three treatments together because no significant differences among them could be discerned. Both single band and simple band combinations (addition, subtraction, and division) were evaluated for their correlation with the measured soil water content. Figure 6 shows the results of 15, among many, evaluations.
Among the different regression models tested, including linear and polynomial, an exponential function was found to give the best fitting relationship between the reflectance and the soil water content (all the regression lines shown in Fig. 6 are based on exponential function). The exponential relationship was also found to best describe the nonlinear decrease in reflectance with increasing soil water content in several studies (Lobell and Asner, 2002; Kaleita et al., 2005; Muller and Décamps, 2001) .
Among the indices computed in Fig. 6 , the difference between Bands 5 and 1 correlates best with the soil water Remotely sensed reflectance in the SWIR wavelengths has been exploited to estimate soil surface water content (e.g., Ben-Dor et al., 2009; Everitt et al., 1989; Shih and Jordan, 1992) . Shih and Jordan (1992) found that the reflectance from 1450 to 2350 nm is inversely related to the surface soil water content and suggested the use of Landsat TM images at Bands 5 and 7 for regional soil water content estimation. Hatanaka et al. (1995) found that the difference in Band 5 data of Landsat 5 TM between two different years varied linearly with the available water holding capacity. Musick and Pelletier (1986) found the ratio of TM Band 5 to 7 correlated most consistently with soil water content, because the difference in the reflectance between Bands 5 and 7 increases with soil water content (Fig. 5) . In our study (Fig. 6) , this ratio correlated with the soil water content less significantly than the difference of Bands 5 and 1 did (R 2 = 0.77 vs. 0.86), probably because forming a ratio using two water-sensitive bands lowers the sensitivity (Musick and Pelletier, 1986) .
It is well known that soil reflectance also depends on other soil properties, such as soil structure, organic matter content, mineral content, and grain sizes (Bowers and Hanks, 1965) . We chose a two-band algorithm because the combination of different bands might cancel out the factors that may induce errors in the absolute reflectance measurement (Haubrock et al., 2008a) . Kaleita et al. (2005) investigated the skill of using band combinations against a single band approach to estimate surface soil water content. They measured the reflectance at 807 bands and found that two-band models generally performed better than the single-band models. Bogrekci and Lee (2004) used a combination of reflectance at three wavelengths of 340, 1450, and 1940 nm to estimate soil water content. However, studies have shown that using too many bands (or wavelengths) in a model can be counterproductive because of the chance of inducing additional confounding effects (Liu et al., 2003) . We also noticed that using more than two bands (e.g., (B5-B4)/B1 in Fig. 6 ) did not necessarily improve the predictive performance. Figure 7 compares soil water content at 15-cm depth estimated using Eq. [2] from the Landsat 5 TM images with the concurrent field measurements. Estimated water content agreed very well with the field measurements (r = 0.94) with an RMSE = 0.02 cm 3 /cm 3 (P < 0.001) within the estimated algorithm uncertainty of 0.02 cm 3 /cm 3 . The model performed well for estimating soil water content between 0.20 and 0.40 cm 3 /cm 3 , but underestimated in wetter conditions (>0.40 cm 3 /cm 3 ). This underestimation of soil water content is probably due to the reported switching behavior that the reflectance, while normally decreasing with soil water content, starts to increase after soil reaches a certain water content point (Liu et al., 2002) . In addition, other soil-specific chemical and physical properties, such as the presence of organic matter, mineralogy and crusts, or grain size could impact the model performance.
A qualitative evaluation of the algorithm was shown in Fig. 3 for the Fairmount farm field, where the southern half of the field had tile drainage installed in 2002. Estimates of soil water content using the Landsat 5 TM images on 18 May 2008 , 30 May 2009 , 15 Apr. 2010 , and 8 May 2010 showed that there is significant difference between soil water content between the undrained (northern) and drained (southern) part of the field. Soil was on average about 0.02 to 0.04 cm 3 /cm 3 wetter (P < 0.001) in the undrained part of the field than the drained part of the field, which was expected and consistent with the site observations. Among the four images, only the 8 May 2010 image had the concurrent field measurements. During the time of the Landsat pass on 8 May 2010, the soil water content readings at 15 cm were about 0.32 cm 3 /cm 3 at Location 1 and 0.33 cm 3 /cm 3 at Location 2, both in the undrained portion of the field, while in the drained portion comparatively lower soil water contents of 0.28, 0.28, and 0.31 cm 3 /cm 3 were recorded at Locations 3, 4, and 5, respectively. These values were consistent with the Landsat 5 TM image-based estimation shown in Fig. 3d. 
discussion and conclusions
Solar radiation can barely penetrate soil. Liang (1997) investigated the remotely-sensed soil depth in the visible and near-infrared spectral region using a numerical radiative transfer model of the coupled atmosphere and soil media and found that the penetration depth is roughly four to five times the soil particle mean radius. For the soil in the RRV with about 18% sand, 56% silt, and 26% clay, the penetration depth is about 0.5 mm. Even for coarser sandy soil, the penetration depth is only 1 to 2 mm or less. Therefore, on a theoretical ground, the optical reflectance only corresponds to soil water content at the skin depth, which is nearly impossible to measure precisely. However, there exists a general relationship between soil water contents at different depths (Calvet and Noilhan, 2000; Camillo and Schmugge, 1983; Jackson, 1980) . One example is given in Fig. 4 , showing the soil water contents at 5 and 15 cm were highly correlated. The existence of a general soil moisture profile, though its details may change for different soil types, has allowed the remotely sensed soil water content be related to the values at deeper depths, for examples, 0 to 10 mm (Whiting et al., 2004) , 0 to 1.5 cm (Liu et al., 2002) , 0 to 5 cm (Haubrock et al., 2008b) , or 0 to 7.6 cm (Kaleita et al., 2005) . In our study, the remote sensing models for Landsat 5 TM sensor were empirically developed to estimate soil water content at 5 (Eq. [3]) and 15 (Eq. [2] ) cm, respectively.
Validation using a total of 70 observations over nine different fields in the RRV showed that the 15 cm model compared well with the field measurements (r = 0.94) with an average difference within the model uncertainty of 0.02 cm 3 /cm 3 . The 5 cm model was not validated, because it was challenging to measure water content accurately at 5-cm depth in the fields. While the 5 cm model may better represent soil water content near surface, the 15 cm model is more relevant for root-zone conditions. The 15 cm model has great potential for supporting field management decision, with certain limitations.
The 15 cm model has an application range for soil water content between 0.20 and 0.40 cm 3 /cm 3 . Outside this range, the reflectance behaves differently. Our experiment was conducted during drying period (e.g., Liu et al. 2003) to emulate the situation where optical remote sensing is amenable. We acknowledge that the soil water content profile could be different and hence the model fails when it rains. But when it is cloudy or raining, no optical images of the ground can be obtained. A practical constraint for applying optical remote sensing of soil water content is the presence of vegetation, which can significantly alter or sometimes completely block the optical signal from soil to be detected. For this reason, the model was intended to be used for bare and unvegetated soil. An example of its potential application is shown in Fig. 1 , where the bare soil in a Landsat 5 TM image of 17 May 2010 was identified through a supervised classification and its water content at 15 cm was estimated using Eq. [2] . Due to overall wet conditions, particularly in the area immediately along the Red River where the estimated soil water content was higher than 0.32 cm 3 /cm 3 , the spring planting was delayed. For example, the soybean [Glycine max (L.) Merr.] plants were not planted in the region until 22 May 2010 (Rijal et al., 2012) .
We caution against the use of our model in other areas without validation, because the potential difference in soil properties could hinder its performance even though the use of the difference between Bands 5 and 1 might reduce some of these interferences. While this indicates the geographic limitation of our model, the methodology we have adopted can serve as a guideline in developing a model (by examining different bands or band combination) that can perform well in an area with relatively homogeneous soil. We feel that this is the compromise that we have to accept for the optical remote sensing of soil water content until we can better understand and model how the chemical and physical properties of soil affect the response of the spectral reflectance to the changing soil water content (Muller and Décamps, 2001) . For now, a site-specific algorithm may offer the best option for mapping soil water content with spatial details that can be useful for general agricultural practice at the field scales.
acKnowlEdgMEnts
We thank the funding support for this project by USDA 2008-35102-19253 , NASA NNX09AQ81G and NNX07AK91A, and NSF EPS-081442. The comments by two anonymous reviewers and by the associate editor, Dr. Ole Wendroth have greatly improved the manuscript.
rEFErEncEs:
